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Example: Predicting movie ratings = Yooy
o . > | RN
- User rates movies using-ene to five stars = [k K
e
° = [k KK ¢
Movie Alice (1) Bob (2) Carol (3) Dave (4) — *****
Tove atlast | S—— c O &
Romance forever S @ S O - = Ty = NO0. users
Cute puppies of love S G (o) -anm = no. mOVigs
[Nionstiop carchas;J 9 © 4 5\r(i,5)=1if user j has
O s S rated movie ¢
Swords vs. karate @) e LS @({L y(z’,j) = rating given by
- l/ user Jj to movie i
n“ = & Nw =5 (defined only if

r(i,j) =1)
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- ] SN
Content-based recommender systems (W
| - \ \" S
Movie Alice (1) Bob (2) Carol S3) Dave ﬁl% A
- @ (5 elt} u C
'X(‘-—> [ Love at Iast; I 5 0 - —7 7 6.\
~5u>a> Romance forever @ @ 0 ->
x‘& Cute puppies of Iove} @ 4 0 @ _4 -
—= Nonstop car chases% 0 0 5 4 - N
S
“ Swords vs. karate S 0 0 5 - — L
& »2

<, For each user J, learn a parameter 9\ € R®. Predict userJ as
rating movie (MWithz® stars. - Vel

\ o Q) (
Vel [o_ﬂ — O - l (&) £V = scoa
0 T = 4.]%§
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Problem formulation

- r(i,7) = 1 if user J has rated movie ¢ (0 otherwise)
= y'»9) = rating by userj on movie i (if defined)

~ 9<J‘ = parameter vector for user
= 2 = feature vector for movie i J

- For user j, movie i, predicted rating: (#9)T (z®) 8&3\ G]le

- mY) = no. of movies rated by userj
To learn 6Y:

QIR ARSI TN
”\ 2>¥(c r(‘»)\\ ( )6(3 ) +Z}|€' =

- T
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Optimization objective:
ﬁo learn6Y) (parameter for userj ):
. min~ 3 <(9<j>)Tm<i> _ yu,j))? LA En:(@(j))z
2 W0 2 L 2 &
\ :r(i,7)=1 | L k I
- J<
Tolearn 6 ) . glre):

. . NG I AL .
(9(3))T$(Z) _ y(m)) 4+ 5 (91({:3))2
j=1k=1
L )
(\ \n
e \' "y e )
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Optimization algorithm: J

. . NI WA .
y‘ y‘ (GNT (1) _ <z,g>) A (5)\2
9<1>m1?<nu> 2 ((9 )z Yy + 5 Z Ched)

1 =1 k=
LJ i:r(i,7)=1 J 1 )
X

. ‘3(9\.‘] (V‘u))
Gradient descent update: ’

-

o) = gi) a ST (09720 — i) (for k = 0)

i:r(i,7)=1

Hl(gj) - 9}({}3) — ( Z ((Q(j))Tx(i) _ y(i,j)>xl(j) 4+ )\9}({?)) (for k # 0)

[ /'q':r(z',j):lé . N )
N

'B’ () i
o) '.a—éT‘:'S(s e, O )
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Problem motivation ) ]
A\ b
Movie Alice (1) Bob (2) Carol (3) Dave (4) X1 L2
(romance) (action)
Love at last 5 5 0 0 0.9 0
Romance forever 5 ? ? 0 1.0 0.01
Cute puppies of ? 4 0 ? 0.99 0
love
Nonstop car 0 0 5 4 0.1 1.0
chases
Swords vs. karate 0 0 5 ? 0 0.9
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Problem motivation 3 L %l

Movie Alice (1) Bob (2) Carol (3) Dave (4) X1 L2
. O Sy ™ 9&) (romance) (action)
Y e | s 5 »0 =0 Al 4owo
Romance forever 5 ? ? 0 G ? l (U [ ‘ -]
— KX =| o
Cute puppies of ? 4 0 ? b ﬂ oo
love
Nonstop car 0 0 5 4 F ? (
chases ()
Swords vs. karate 0 0 5 ? E ? ?5 1)
— lul‘ Xl A
0 § 0 (5\ (Sm" t s
93 — O 6@ = |0 © (©°1x"aC
0 | 5 (en)‘t x(s\‘x O
k (n))‘! K"\ ~
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Optimization algorithm
Given 9%.....0" to learn =%

1 : .
—_ in — (GNT ( ) (z j)
> ming D>, ()Twl -y

Nw>~
Mz

!

J”’(ZJ) 1 l
L=

k=1
I -

Given 0%,...,0") to learn «V,.

g (nm) -

min S‘ Y 9(]) T .(3) _y(z 3)\2 L2 ZZ

(1) ... (”m)
X 9 s L Z 1] T(Z ]) .

/I\

zlkl

T
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Collaborative filtering

Givenz'",....z"") (and movie ratings),
can estimate 0%, ... 0 R

Given (9(1>’ o 7(9(77%)’
can estimate =, ..., z(")

=

Y

C\‘u.m 9%749 9—>x—>e—>,¢.—a
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Collaborative filtering optimization objective (%) * < { ”‘v\\ g
xR SR

o
ate 00, ... 6. _©s R

- GivenzW,... g

—_— min
o). 0(nu

1 o . . o
= _ UNT ,.(3) ) (2,5))\2
> [ omin 153 Y (@) -y >\
[ <

Minimizing =), . 1

Tz, ... ,x("’”)‘,b(l), L 9<nul)
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\ Y
Collaborative filtering algorithm %\ Xem‘ '?‘e
= 1. Initialize z®,..., 2™ 9® 9w g small random values.
= 2. Minimize J(zY,... 2" W) . g")) using gradient LA

descent (or an advanced optimization algorithm). E.g. for Qf‘
every j=1,....ny,1=1,...,np ; ©a
a:g) _ xk Z ((UNT () — (i,j))géj) + Ax?) ]e
r(i,7)=1
Jir(i,g S 'A 3 ( \
09) .= g _ o ( $((09) T30 — ) (D) +A9§j))€— EP%
- A /)

3. For a user with parameters ¢ and a movie with (learned)
features = , predict a star rating of 67«

— ( é(i))'f[x(\
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Collaborative filtering

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0
Romance forever 5 ? ? 0
Cute puppies of ? 4 0 ?

love
Nonstop car 0 0 5 4
chases

Swords vs. karate 0 0 5 ?
™ T ~ T

S O v Ot O

S O = 0 Ot

ot O O v O
O = OO
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T (i
Collaborative filtering X @ < (ecp)«kx W

) _ Predlcted ratmgs (‘-\D T

)| 5 9<nu>Tx<2>)
4
0

9<2
f(l x(nm (O)T x(nm . (g)T (x<nm>)

[ — (&™) — ]
_ _(!((‘I.‘)T_ @ - ( (n\'\‘__'
> .

] :
— N W\T

~ (Kca.\y .\ L (S 5

- LOQ ('O-nk f“\A“"‘K Co.c'lgc:acx\'ion
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Finding related movies

For each product i, we learn a feature vectorz'? € R",
._? X|=f°"‘¢MUL e Y TR QJJ\‘;Of\, X1y = CdMu\_-sl Xo‘:

How to find movies j related to movie i ?
o "

n | )
Qmo.\\ “xm - (“) “ -~ Tmeue, 6 D U ae “;\'u:\,,.

5 most similar movies to movie | |
Find the 5 movies j with the smallest [z — 27|
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Users who have not rated any movies

Movie Alice (1) Bob(2) Carol (3) Dave (4) Eve (5) _ _
—> Love at last 5 5 0 0 ? |0 5 5 00
- - 5 7 7 0
Romance forever 5 ? ? 0 ? | 6
. Y=1|[7 4 0 7
Cute puppies of love ? 4 0 ? ? |0
o 0 0 5 4
Nonstop car chases 0 0 5 4 ?
0 0 5 O
-ﬁSwordsvs. karate 0 0 S ? 2l O -
T
i 1 DV _ 2 2 AN~ 002 2 AN (g2
B 3 (O T2 —y® )24 25 > (@) + 5 (65"
PO pn) !( j)ir(i,j)=1 ,bx A I 1=1 k=1 ' j=1k=1 )
R PR b e + (0.
n=x © ‘el e <O 2 <

(é(!\y‘ K(:\ e
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Mean Normalization:

=[@B) F@ @ (—25 —23y ?
> 2.5 ? 7 —25 7
p=1,2 [-Y= ‘? 2 —2 77
2251~ [|=225 —2.25 275 1.75 ?
S)L.25 U 25 —1.25 375 —1.25[D)

For user 7, on movie 7 predict: \g/ W O

> (&™) (M +/l leaca O, %

User 5 (Eve):

6{:\? ZZ] L( e&))f(xul +‘E’
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